Motivation: RNA-seq has emerged as a powerful technology for the detection of differential gene expression in the transcriptome. The commonly used statistical methods for RNA-seq differential expression analysis were designed for individual genes, which may detect too many irrelevant significantly genes or too few genes to interpret the phenotypic changes. Recently network modulebased methods have been proposed as a powerful approach to analyze and interpret expression data in microarray and shotgun proteomics. But the module-based statistical model has not been adequately addressed for RNA-seq data. Result: we proposed a network module-based generalized linear model for differential expression analysis of the count-based sequencing data from RNA-seq. The simulation studies demonstrated the effectiveness of the proposed model and the improvement of the statistical power for identifying the differentially expressed modules in comparison to the existing methods. We also applied our method to tissue datasets and identified 207 significantly differentially expressed kidney-active or liver-active modules. For liver cancer datasets, significantly differentially expressed modules, including Wnt signaling pathway and VEGF pathway, were found to be tightly associated with liver cancer. Besides, in comparison with the single gene-level analysis, our method could identify more significantly biological modules, which related to the liver cancer. Availability and Implementation: The R package SeqMADE is available at https://cran.r-project.org/ web/packages/SeqMADE/.
Introduction
With the rapid advance in high-throughput sequencing, RNA-seq has emerged as a powerful technology in transcriptome quantification (Garber et al., 2011) . Differential expression detection is the basic step of transcriptome profiling analysis, and currently, existing methods such as edgeR (Robinson et al., 2010) and DESeq (Anders and Huber, 2010) were designed for differential expression of individual genes between two or more samples. In this condition, a list of significantly differentially expressed genes could be detected, but gene clusters or modules with moderate or slight changes in expression may be missed. However, many distinct phenotypes are biologically shown to be associated with subtle but coordinated regulation in biological network modules rather than a statistically significant change in individual genes (Nam and Kim, 2008) . Besides, it is commonly defined that biological network modules consist of interacting genes which may share some common properties or perform similar functions (Zhang et al., 2015) , and genes in one module are more likely to be expressed coordinately. Original Paper view, it is possible to increase the association signal and improve the power of differential expression analysis for predefined biological modules. Therefore, some approaches were developed to detect the differentially expressed biological network modules for RNA-seq data. The commonly used methods were represented by statistical methods including Fisher method (Rahmatallah et al., 2014) or Gamma Method (Fridley et al., 2013) for over-representation analysis. GOseq developed by Young et al. (2010) was a representative of these approaches and it specifically designed for the detection of GO terms to address gene length biases. But inherent bias is that they relied on a list of differentially expressed genes from tools such as edgeR, DESeq or baySeq (Hardcastle and Kelly, 2010) and hence genes with subtle signal of gene expression change were easily ignored in the enrichment analysis. To solve this disadvantage, GSVA, a method for analysis of the variation of gene set enrichment over a sample population was proposed to adapt both microarray and RNA-seq data (Hanzelmann et al., 2013) . More recently, SeqGSEA proposed by Wang et al. (Wang and Cairns, 2013 ) was designed to integrate differential expression and splicing information based on a weighted Kolmogorov-Smirnov statistics to translate RNA-seq data into biological discoveries. Besides, the toolset GSAASeqSP (Xiong et al., 2014 ) offered a variety of statistical procedures via combinations of gene-level and gene set-level statistics for gene set association analysis.
In recent years, biological network module-based statistical methods have emerged as a new approach to compare, integrate and interpret omics data such as microarrays and proteomics, and exhibited a high power to identify the differential expression modules (Wang et al., 2008; Xu et al., 2014 ). Yet, there remain a lack of tools proposed for the significant modules detection specifically designing for RNA-seq using the module-based linear model. In this study, a network module-based generalized linear model was proposed for differential expression analysis with the count-based sequence data from RNA-seq. Besides, because interacting genes in a module are often inversely regulated (Hong et al., 2014) , the direction of gene expression changes need to be taken into consideration in the model. We conducted simulation and application in real data using our method to evaluate its statistical power.
Materials and methods

RNA-seq datasets processing
The RNA-seq datasets from human kidney and liver tissues were derived from the Illumina sequencing platform, and seven samples were contained in each tissue (Marioni et al., 2008) . Gene counts were obtained by summing of the number of reads mapping to exons. Besides, median values were calculated as the measurement of gene expression for genes with multiple transcripts. The recent RNA-seq raw count dataset were analyzed from two samples: Ambion's human brain reference RNA (Brain) and Stratagene's human universal reference RNA (UHR) (Bullard et al., 2010) . In the preprocessing of the data, the genes that had at least one count averagely in each sample were selected to reduce the noise in the data. Human liver cancer datasets were downloaded on 15 May 2015 from The Cancer Genome Atlas (TCGA, http://cancergenome.nih. gov/). Only the count matrix in the batch 61 were used here, which had a total of 26 samples of which 17 correspond to liver cancer and 9 to normal specimens.
All of gene expression datasets and the R codes can be accessed at http://lilab.life.sjtu.edu.cn:8080/seqmade/.
Network modules
Here network module information was retrieved from the publicly available database The Molecular Signatures Database v4.0 (MSigDB, http://www.broadinstitute.org/gsea/msigdb) (Subramanian et al., 2005) . We chose C2:CP curated gene sets, which were canonical representations of a biological process compiled by domain experts from various online pathway databases such as KEGG, GO, Biocarta and Reactome as our network modules in this study. In addition, we removed these modules with the number of genes less than 15 or more than 100, and finally 988 canonical modules of varying sizes were used in our study.
We defined that biological network modules consist of interacting genes, which may have physical interaction, share some common properties or perform similar functions.
Generalized linear model
The generalized linear model (GLM) is an extension of the general linear model and it is a class of statistical models that handles data following with the normal distribution, the Poisson distribution, the negative binomial distribution and so on. In this paper, we proposed the negative binomial generalized linear model for module identification of RNA-seq count data in the biological network:
Here, y ij represents read counts of gene expression. There are two indicator variables Group and Module, i ¼ 1 for case group and i ¼ 0 for control group; j ¼ 1 when a gene belongs to the module and j ¼ 0 otherwise; Group Â Module represents the interaction effects between Group and Module. The null hypothesis we assume is that the expression change of genes in the module is not significantly different from that outside modules. For Model I, the significance of a module is decided by the interaction with Group Â Module and FDRs are calculated to correct for multiple testing. Model I can be applied to identify the significantly differential expression modules under the assumption that all genes in one module are in the same regulation direction (Grutzmann et al., 2005 , Wang et al., 2012a . But in some particular modules or pathways, it is clear that model I fails to identify modules containing both upand down-regulated genes and thus the power of model I may be significantly reduced in that case. In this condition, we propose Model II to adapt this problem:
This is a saturated model written in cell means parametrization, which is equivalent to a model with intercept, indicator variable Group, indicator variable Module, indicator variable Direction, the two-way interaction effects of these variables as well as three way interaction of the variables. In Model II, another indicator variables Direction was added to account for the up-or down-regulated expression change for each gene in the context of an RNA-seq experiment, k ¼ 1 for up-regulated and k ¼ 0 for down-regulated. For the up-regulated genes, the amount of differential expression is b
, and for the downregulated genes, the amount of differential expression is b
. The null hypothesis we test is that the total amount of differential expression change for both up-and down-regulated genes in the module are not significantly different from that outside modules, that is
In this part, we defined contrast vectors to test difference of interest and it can be shown that the resulting contrast corresponding to the null hypothesis for model II is the coefficient of the interaction term of three variables Group, Module and Direction. Then we used a permutation-based framework to yield statistical significance. In order to preserve the correlation structure in gene expression data, we randomly shuffled sample labels many times (e.g.1000 times) and computed z-statistics corresponding to b D each time. Finally we computed P-value from the permutation null distribution to determine the significance of a module (van Iterson et al., 2010) .
Results
Distribution fitting
For RNA-seq data, read counts are non-negative discrete values and can be modeled using count-based distributions. The Poisson model and Negative Binomial (NB) model have been proposed to accommodate the count data (Kvam et al., 2012) . To further validate the distribution of the observed reads, we used the above two distributions to fit the real data from the kidney tissue (Marioni et al., 2008) . As shown in Figure 1 , we observed that, compared with the Poisson distribution, the NB distribution fits the real data better. Indeed, Poisson distribution has one parameter and can only account for the technical variability (Jiang and Wong, 2009 ). But for RNA-seq data, over-dispersion from biological variability is frequently observed from the non-uniform read distribution and the NB distribution has two parameters to take the technical variability as well as biological variability into consideration. Therefore, as with the problem of over-dispersion, the NB distribution is assumed to provide more robust and thus as appropriate as ever for modeling the count value (Anders and Huber, 2010) . In our study, we modeled the read counts with negative binomial distributions in the simulation studies and used the negative binomial generalized linear model to perform the subsequent analysis for RNA-seq data.
Simulation study
In this section, two comprehensive simulation studies were conducted to assess the performance of our module-based model for RNA-seq count data. In the first simulation study, we designed eight scenes. As shown in Table 1 , for each scenario, 20 datasets were independently generated from the assumed Negative Binomial distribution with parameters obtained from tissue datasets using maximum likelihood method (Robles et al., 2012) . For each dataset, we simulated 20 samples for case and control groups. Each sample consisted of 1000 count values as an approximation to gene expression values. The 1000 values were randomly assigned to 100 modules, and the size of each module was ranging from 15 to 30 genes. Only the first module was added in treatment effect to simulate differential expression change according to the parameter tot_p and fc. More specifically, tot_p was the total proportion of differentially expressed genes in the module and it was set at 50% and 80%; fc was the fold change in differential expression and it was randomly drawn from a normal distribution with the mean set at 1.5, 2, 3, 4 and the standard deviation set at 0.7. In the second simulation study, we added another parameter up_p and constructed 12 different scenes (as shown in Table 2 ). The parameter up_p represented the proportion of up-regulated genes in the differentially expressed ones, and it was set at 50% and 80%. For instance, when tot_p ¼ 0.5, up_p ¼ 0.8 and the size of module is 30, there are 15(¼ 30 Â 0.5) differentially expressed genes in the case group, with 12(¼ 30 Â 0.5 Â 0.8) up-regulated genes multiplying by fc and 3(¼ 30 Â 0.5 Â 0.2) down-regulated genes dividing by fc.
The performance was evaluated by calculating the receiver operating characteristic (ROC) curves and AUC values for each dataset using the R package pROC. In the first simulation study, overall, the results showed that most scenarios could identify the differentially expressed modules with a high power. Besides, other methods including SeqGSEA, GSAASeqSP and GSVA were also evaluated on the simulated data. As shown in Table 1 , SeqMADE tended to have a higher AUC values when the differential expression in a module was subtle, and SeqMADE and GSVA perform similar in larger fold change, which demonstrated that our model could identify differentially expressed modules more sensitively. As a whole, comparing to SeqGSEA and SeqGSAASP, our method always had a tendency to identify more differentially expressed modules with different treatment effect, probably because the module-based method is more robust and efficient than the other two methods without translating the gene-level p values into module-level p values. For SeqGSEA, it was despite the fact that it could recognize the treatment modules with good accuracy as a whole, but seemingly yielded slightly lower power with DE-only parameter setting when detecting subtle gene expression changes.
In the second simulation study, we can see that Model II could identify modules containing both up-and down-regulated genes efficiently from Figure 2 . Indeed, the AUC values was around 0.72 when top_p ¼ 0.5, up_p ¼ 0.5 and fc ¼ 2, and all of other scenarios was above 0.89. Unsurprisingly, as the total proportion of differentially expressed genes increased, the power increased; the AUC values increased while fold change increased, and this was applied to both Model II as well as Model I.
Analysis of tissue dataset
We applied Model I to the tissue datasets and three-hundred and three differentially expressed modules were identified from kidney and liver samples with FDR <0.01. Among them, there were twohundred seven significantly differentially expressed modules with FDR < 0.001 after multiple hypothesis corrections based on the Benjamini-Hochberg approach.
As shown in Table 3 , the top 10 significantly differentially expressed modules are displayed and are mainly active in liver. The top ranked module 'Cytochrome P450 Arranged By Substrate Type' is related to the hormone synthesis and decomposition, and simultaneously Cytochrome P450 enzymes (CYPs) play important roles in metabolizing endogenous substances and potentially toxic drug compounds, principally in the liver (Guengerich, 2006) . The module 'Linoleic Acid Metabolism' is associated with the synthesis of arachidonic acid, which is the essential precursor substance involving in the process of lipid metabolism and platelet activation in the liver (Hamberg and Samuelsson, 1974) . Besides, the module 'Complement And Coagulation Cascades' is resistance to innate and adaptive immune responses (Qin and Gao, 2006) . The module 'Reactome Xenobiotics' is involved in the deactivation and excretion of xenobiotic such as therapeutic drugs or toxins in xenobiotic metabolism (Lewis, 2004; Nantasanti et al., 2016) , both of which are active primarily in the liver.
As shown in Figure 3 , we drew a Venn diagram to display the results from different methods. Overall, there are obvious overlaps among four statistical methods in the Venn diagram. For example, the modules 'Cytochrome P450 Arranged by Substrate Type',' Linoleic Acid Metabolism' and 'Complement Cascades and Coagulation Systems' could also be detected by SeqGSEA and GSAASeqSP. Also, our model could find more significantly differentially expressed modules. Modules of 'Initial Triggering Of Complement 'and 'Recycling Of Bile Acids And Salts' could be identified by SeqGSEA and GSAASeqSP respectively, while both of them could be identified in our model. Furthermore, our method identified a significantly differentially expressed module 'Vasopressin Regulated Water Reabsorption' (FDR ¼ 0.04), which plays a vital role in controlling the water movement from lumen to the interstitium for water reabsorption and adjusting the urinary water in human kidney tissue (Marples et al., 1999) , while neither of SeqGSEA and GSAASeqSP could identify this module. Moreover, we identified module of 'regulation of water balance by renal aquaporins' with FDR < 0.001, which didn't captured by GSVA, and evidences showed that this module played pivotal roles in the physiology and pathophysiology for renal regulation of body water balance in the kidney (Nielsen et al., 2007) . In order to confirm the effectiveness of our model, we also performed an analysis on more recent biological data from the human brain reference RNA and universal reference RNA (Bullard et al., 2010) . From the results, we found that the modules of potassium channels and neurotransmitter release cycle were significantly differentially expressed, both of which are related in the release of neurotransmitter, particularly in neural structure (Edwards, 2007 , Kitson, 2007 . Evidence has shown that the release of neurotransmitter is a multi-step process that is controlled by electrical signal through the axons in form of action potential (Rothman et al., 2011) . On the whole, most of the differentially expressed modules identified in the study are mainly more active in brain structure.
Analysis of cancer samples
The identification of the differentially expressed biological modules in human cancer and normal samples is essential for understanding both the normal physiological and pathophysiological functioning. For human liver cancer datasets in this study, we first identified 281 differentially expressed genes with an FDR < 0.05 using edgeR and then performed Fisher's exact test to conduct the enrichment analysis. According to the enrichment analysis results, only the module 'Activation of the Pre Replicative Complex' was identified with a nominal P-value < 0.01.
Although genes with functional links in one module tend to exhibit positively correlated expression levels in disease-associated pathways, there still exist some modules in which interacting genes are inversely regulated (Hong et al., 2014) . To solve this problem, we used model II to identify those cancer-related modules containing both up-and down-regulated genes in the liver cancer datasets. Finally, we identified 200 differentially expressed modules (FDR < 0.05) and among these modules, 67% of them were detected by model II. Sixty-six significantly differentially expressed modules containing only up-or down-regulated genes were detected by Model I and most of these modules are associated with cell cycle and DNA replication. For example, the G2/M checkpoints, S phase and G1/S transition are all cell cycle checkpoint pathways, the disruption of which can lead to the damage of genomic and the cell to malignant transformation (Wang et al., 2012a,b) . The activation of Wnt signaling pathway has frequently been reported to have strong correlation with liver carcinoma. And b-catenin can promote cell proliferation and take part in cell-cell adhesion to control tumor metastasis in the pathogenesis of liver cancer (Behari, 2010; Nelson and Nusse, 2004) . We found 134 liver cancer-related modules containing both up-and down-regulated genes. There are two modules related to the synthesis of proteins, 'Glycine Serine and Threonine metabolism' and 'Gamma Carboxylation Hypusine Formation and Arylsulfatase Activation'. Both of these two modules are tightly correlative with the metabolism of protein synthesis in the late stage of liver cancer (Niu et al., 2015) . 'BioCarta ECM pathway' is a central controller of cell growth and a key driver for human cancer, and the complex-mediated activation of the MAPKinase and PI-3 kinase is associated with glomerular damage and cell shape changes (Li et al., 2016; Tamouza et al., 2012) . The insulin-like growth factor (IGF) pathway can regulate cell proliferation, motility and apoptosis, which are important in the development of liver cancer (Scharf and Braulke, 2003) . The transforming growth factor-beta (TGF-b) pathway is involved in angiogenesis, production of the extracellular matrix and immune suppression in tumor progression (Giannelli et al., 2011) . The invasion and metastasis of liver cancer are through the portal vein and the VEGF pathway can promote the portal vein tumor thrombus (PVTT) formation of liver cancer, which suggests VEGF may play an important role in liver cancer (Zhou et al., 2000) .
As shown in Figure 4 , the diagram of molecular interaction and reaction network for VEGF pathway (FDR ¼ 0.03) displays significant expression changes. In this pathway, we can see that the great majority of the downstream genes of VEGF gene have an upregulated expression in cancer while only four genes are downregulated. In fact, as reported, VEGF can induce the activation of PLC-c, which regulates the expression of protein kinase C activation (PKC). PKC can activate MAP kinase signaling and stimulate tumor angiogenesis by promoting cell proliferation and increasing vascular permeability (Roskoski, 2007) .
SeqMADE package
To facilitate the application of our network module-based method, we built an open-source R package SeqMADE designed for the RNA-seq differential expression analysis pipeline. SeqMADE implements within a well-established generalized linear model framework integrating gene expression into the network module, instead of computing the gene scores and gene set score to achieve biological insights, respectively. Besides, the package also provides the ability to combine and borrow strength across genes that are both up-and down-regulated in one module. The SeqMADE packages generate well-formatted output text files to archive analysis outcomes with module names, size, nominal P-values, adjusted FDR and genes name.
Discussion
In our study, we proposed generalized linear models for the analysis of RNA-seq data at the biological network module-level. Taking into account the interaction between genes can provide a way to capture the slight but coherent change of gene expression in network modules, which makes the approach even more efficient.
Other than methods such as GSAASeqSP and SeqGSEA, even GSVA generating the null distribution of test statistic by permuting samples, our proposed parametric methods with tests for multiple interaction effects can provide more valuable sentinels for module expression changes. Meanwhile, the existing methods are always computing gene scores and gene set score separately to achieve biological insights, but our method provides a well-established powerful framework to integrate gene expression into modules in the biological network system. Besides, the generalized linear model is a class of statistical model, thus it could be extended to handle other types of RNA-seq data, such as RPKM/FPKM, when the corresponding data distribution is applied (Mortazavi et al., 2008) . But for the extended model with the assumption of normal distribution, the comparison with the statistical methods of gene set tests for microarray experiments, such as CAMERA and FRY (Wu et al., 2010, Wu and Smyth, 2012) , should be performed in the further study. Overall, the network module-based statistic model can enhance the power to detect the differential expression modules and even further improves the result interpretability.
So far, complicated design information in the data is a challenge for the study of differential expression analysis, especially in the biological network. Comparing with the non-parametric methods, the generalized linear models we proposed in this study can be easily extended to account for more complex design. For example, a batch effect can be added to the model to adjust for systematic effects from different batches when samples are processed in multiple batches. Our effort may provide the theoretical basis for further studying the association between the phenotype and the modules experimentally. Furthermore, the application of our methods could also reveal disease-related events in a disease prognosis methodology.
